Most climate mitigation scenarios involve negative emissions, especially those that aim to limit global temperature increase to 2°C or less. However, the carbon uptake potential in land-based climate change mitigation efforts is highly uncertain. Here, we address this uncertainty by using two land-based mitigation scenarios from two land-use models (IMAGE and MAgPIE) as input to four dynamic global vegetation models (DGVMs; LPJ-GUESS, ORCHIDEE, JULES, LPJmL). Each of the four combinations of land-use models and mitigation scenarios aimed for a cumulative carbon uptake of~130 GtC by the end of the century, achieved either via the cultivation of bioenergy crops combined with carbon capture and storage (BECCS) or avoided deforestation and afforestation (ADAFF). Results suggest large uncertainty in simulated future land demand and carbon uptake rates, depending on the assumptions related to land use and land management in the models. Total cumulative carbon uptake in the DGVMs is highly variable across mitigation scenarios, ranging between 19 and 130 GtC by year 2099. Only one out of the 16 combinations of mitigation scenarios and DGVMs achieves an equivalent or higher carbon uptake than achieved in the land-use models. The large differences in carbon uptake between the DGVMs and their discrepancy against the carbon uptake in IMAGE and MAgPIE are mainly due to different model assumptions regarding bioenergy crop yields and
| INTRODUCTION
"Negative emissions," that is, the removal of carbon dioxide (CDR) from the atmosphere, is an important concept for climate change mitigation (Lenton & Vaughan, 2009) . Scenarios based on land-use (LU) models or Integrated Assessment Models (IAMs) tend to achieve an end-of-century warming goal at or below 2°C only through negative emissions which commence within the next 1-2 decades, and then increase and are sustained at considerable rates during the second half of the 21st century (Anderson & Peters, 2016; Fuss et al., 2014; Gasser, Guivarch, Tachiiri, Jones, & Ciais, 2015; Riahi et al., 2017; Rogelj et al., 2015; Sanderson, O'Neill, & Tebaldi, 2016; Smith, Davis, et al., 2016) . So far, negative emissions represented in IAMs are mainly land-based options (Popp, Rose, et al., 2014; Popp et al., 2017) .
Integrated Assessment Models currently focus on two land-based CDR technologies which both utilize the carbon (C) uptake by plants via photosynthesis. One is large-scale cultivation of crops or trees for bioenergy and capturing the C released upon combustion for long-term storage in geologic formations (BECCS). The other is to maintain or increase terrestrial C stocks via avoided deforestation and afforestation/reforestation (ADAFF). These are the two most widely used options in IAMs to achieve negative emissions because they do not have to rely on the development of new, large-scale technology (ADAFF), or are regarded as the most prolific option with the capability to supply energy (BECCS) Smith, Davis, et al., 2016) . However, the land demand/availability of these approaches is highly uncertain Popp et al., 2017) , and their potential to remove significant amounts of C from the atmosphere is regarded as controversial (Fuss et al., 2014) . In addition, conflicts with other LU, associated supply of ecosystem services, and maintenance/enhancement of biodiversity are highly likely (Krause et al., 2017; Smith, Davis, et al., 2016; Williamson, 2016) . Considering typical time frames of decades involved in the planning and establishment of climate mitigation projects, the quantification of their uncertainties in terms of achievable CDR is important to inform policy makers about practicality and risks.
Here, we address the uncertainty of C uptake potential from land-based climate change mitigation by using projections of future land-use change (LUC) from one IAM (IMAGE) and one socioeconomic LU model (MAgPIE; for simplicity we refer to IMAGE and MAgPIE as land-use models-LUMs-in the following) as input to four dynamic global vegetation models (DGVMs; LPJ-GUESS, ORCH-IDEE, JULES, LPJmL). In these scenarios, C uptake is achieved either via BECCS or via ADAFF. The cumulative additional C uptake target in each mitigation LUC scenario is 130 GtC by year 2100 compared with a baseline LUC scenario without additional land-based mitigation (BASE) . We analyze total C uptake and the relative contribution of vegetation, soils, and C storage via CCS in the four DGVMs and compare it to the C uptake targeted and achieved in the LUMs.
| MATERIALS AND METHODS
Detailed information about the LUMs and the scenarios can be found in Krause et al. (2017) . In the following, we provide a short description of the LUMs and the scenarios.
| Description of the land-use models
The Integrated Model to Assess the Global Environment (IMAGE) is an ecological-environmental model framework simulating the environmental consequences of human activities worldwide (Stehfest et al., 2014) .
The Model of Agricultural Production and its Impact on the Environment (MAgPIE) is a global LU and agro-food system model. It optimizes spatial-explicit LU patterns and intensification levels to satisfy a given food, feed, material, and bioenergy demand at minimal production costs (Lotze-Campen et al., 2008; Popp, Humpen-€ oder, et al., 2014) .
Climate change and CO 2 impacts on forest growth and crop yields are accounted for in the LUMs. The LPJmL DGVM (Bondeau et al., 2007) represents the crop/vegetation submodel in both IMAGE (where it is dynamically coupled) and MAgPIE (where it provides potential C stocks, crop yields, irrigation water requirements, and blue water availability as input data). We also use an offline version of LPJmL as one of our four DGVMs which differs from the versions used in the LUMs mainly by not considering technological yield increases in the future.
| Land-use scenarios
Both LUMs harmonized their pasture and cropland LU patterns to the HYDE 3.1 dataset (Klein Goldewijk, Beusen, Van Drecht, & De Vos, 2011) was set to 700 years with natural vegetation cover followed by 300 years with year 1970 land-cover map, climate, and CO 2 . In MAgPIE, potential C densities from LPJmL were used as initial (1995) values, with agricultural vegetation and litter C set to zero and soil C depleted based on IPCC recommendations to account for real land cover at the start of the simulation period . Socioeconomic developments as input to the LUMs were based on SSP2 (Popp et al., 2017) . Food production in the mitigation scenarios was maintained on the same levels as in BASE.
With respect to the rate of forest regrowth in the ADAFF scenarios, MAgPIE parameterizes managed afforestation by climate region-specific S-shaped growth curves toward potential forest biomass, and litter and soil C recovering within 20 years . In contrast, forest regrowth in IMAGE is dynamically simulated by LPJmL, which is a subcomponent of IMAGE. This means that similar C uptake rates following afforestation are to be expected for IMAGE and the stand-alone LPJmL DGVM. Forest regrowth in IMAGE partly takes place on degraded forest lands, which are assumed to be completely deforested (Doelman et al., 2018) .
The degraded forest land-cover class was implemented in IMAGE due to a mismatch between deforestation rates reported by the FAO's 2015 Forest Resource Assessment (http://www.fao.org/3/ai4793e.pdf, last accessed September 2017) and historical expansions of cropland and pasture area reported by FAO. These differences are assumed to be caused by additional reasons (e.g., unsustainable forestry preventing regrowth of natural forests, mining, or illegal logging) and accounted for by a historically calibrated rate of forest degradation, which is extrapolated into the future (Doelman et al., 2018) .
| Description of the dynamic global vegetation models
The LUC scenarios were used as input to four DGVMs: LPJ-GUESS Smith et al., 2014) , ORCHIDEE (Krinner et al., 2005) , JULES Clark et al., 2011), and LPJmL (Bondeau et al., 2007; Sitch et al., 2003) . The models have different heritages; while ORCHIDEE and JULES were developed as land components of global climate models (IPSL and UKESM), LPJ-GUESS and LPJmL were originally designed as stand-alone offline models to simulate vegetation dynamics and associated C and water fluxes. All DGVMs represent vegetation using a number of plant functional types (PFTs), with LPJ-GUESS and LPJmL also representing dedicated crop PFTs. LPJ-GUESS is different from the other DGVMs by its explicit representation of forest demography and by having nitrogen cycling as an additional constraint on ecosystem C processes (in addition to soil water availability which is accounted for in all DGVMs). All DGVMs represent LUC and land management explicitly even though the models differ in terms of implemented processes and level of detail. Table 1 and the extended Table S1 provide an overview of model differences which are important for this study.
| Simulation setup
The DGVM simulation period was 1901-2099. DGVMs were first spun up to pre-industrial equilibrium state (1901), recycling 1950-1959 climatology to attain a stable equilibrium of C pools and fluxes in each model using atmospheric CO 2 concentration from 1901 (Meinshausen et al., 2011) . Climate from the 1950-1959 period was used for the spin-up because these were the first years in the climate data set, a common practice in this kind of setup. DGVMs were then applied over the transient period 1901-2099 using transient CO 2 (Meinshausen et al., 2011) and climate data simulated by the IPSL-CM5A-LR climate model for the representative concentration pathway RCP2.6 from the ISI-MIP project, biascorrected as in Hempel, Frieler, Warszawski, Schewe, and Piontek (2013) . The temperature increase is 2°C by the end of the 21st century relative to the pre-industrial era. The climate data for the spinup and the 1901-1949 period were randomly taken from the 1950-1959 period. Future atmospheric CO 2 mixing ratio followed the RCP2.6 pathway, peaking at 443 ppmv in year 2052 (Meinshausen et al., 2011) . LUC was based on spatially explicit LU maps derived from the LUMs (for the historic period based on HYDE3.1) and translated into the vegetation types of each DGVM (Table 1 ). The DGVMs aimed to be as consistent as possible with the LUMs when implementing LU patterns from the LUM scenarios, for example, for IMAGE scenarios all DGVMs apart from JULES followed the IMAGE assumption of degraded forests being grasslands. Management information (crop types, irrigation, and nitrogen fertilizers) was also provided by the LUMs but was only used by some DGVMs which represented the relevant processes explicitly (Table 1) . LPJ-GUESS was the only model being able to use nitrogen fertilizers as provided by the LUMs. Nitrogen application rates (synthetic plus manure) were available from 1970/1995 on. They were derived to match assumed crop yields in the LUMs. A historic hindcast (1901-1969/ 1901-1994) Table S2 ). Forest area by year 2099 is 1,040 Mha larger in ADAFF than in BASE for IMAGE and 1103 Mha larger for MAgPIE. For IMAGE,~42% of this difference in forest area can be attributed to avoided deforestation and 58% to afforestation. For MAgPIE, the corresponding numbers are only 4% for avoided deforestation and 96% for afforestation, emphasizing the much larger role of afforestation compared with avoided deforestation in MAgPIE. The LUMs also differ in terms of land-cover classes affected by ADAFF activities. In IMAGE, forest maintenance and expansion usually takes place on pastures or degraded forests (ADAFF compared to BASE), but in T A B L E 1 Overview of major DGVM differences relevant to this study. A more detailed version of the table can be found in the supplement ( Pastures were treated as cropland in these JULES simulations. Normally pastures are not harvested in JULES.
MAgPIE afforestation on abandoned croplands is also relevant, particularly after year 2070 (see Table S2 ; note that some of the abandoned cropland in MAgPIE ADAFF is not afforested but instead converted to pasture while at other locations pastures are converted to forests, resulting in small net changes in pasture area by the end of the century).
The area needed for bioenergy production is mainly taken from natural vegetation in IMAGE but also from existing agricultural land in MAgPIE. IMAGE has a larger bioenergy land demand to fulfill the same CCS target as MAgPIE (Figure S2c, d) . This reflects different modeling approaches: in IMAGE, land allocation for bioenergy cultivation follows a rule-based approach according to sustainability criteria, implying that only marginal land not needed for food production is available for bioenergy. In MAgPIE, bioenergy and food production compete for fertile land based on a cost minimization procedure. Consequently, average bioenergy yields are lower in IMAGE than in MAgPIE, thereby increasing the required area to deliver the same annual CCS rates. Around 49% of the total C increase in IMAGE ADAFF can be attributed to avoided deforestation and 51% to afforestation (for MAgPIE, spatial C stocks were not available, but afforestation is certainly much more important due to the limited decline in forest area in MAgPIE BASE). For BECCS, in both LUMs, the CDR target was implemented as a gross CCS target which included the harvested C from bioenergy crops and a fractional (80%; Klein et al., 2014) Spatially, total C uptake is concentrated in the tropics for ADAFF (except in ORCHIDEE, which simulates substantial emissions in some regions), while patterns are more diverse for BECCS (Figure 3 ). The largest agreement in total C uptake across DGVMs is found in tropical Africa for the ADAFF scenarios ( Figure S4 ). The contributions of vegetation, soil, and cumulative CCS to model discrepancies in total C uptake are analyzed in the following subsections.
| Vegetation carbon
As intended, the simulations with the ADAFF scenarios result in increasing biomass over the 21st century compared with the BASE simulations for all LUMs and DGVMs. Vegetation C uptake in year 2099 is 79 and 66 GtC in IMAGE and MAgPIE and ranges between 39 and 73 GtC in the DGVMs (Figures 1c,d , 2b), with generally larger uptake for IMAGE scenarios than for MAgPIE scenarios due to the earlier start of ADAFF activities in IMAGE (Table S2 ). Biomass accumulation occurs at a relatively steady rate in the DGVMs but accelerates during the second half of the century in the LUMs (Figure 1c,d ). There is a drop in vegetation C for LPJmL MAgPIE-ADAFF around mid-century. As agricultural land has low vegetation C pools in LPJmL, this is related to a decreasing vegetation C density in forests, which is not compensated for by the simultaneous increase in forest area. Tree PFTs in LPJmL are represented by average individuals (representing all trees belonging to this PFT), and the individual's properties are changed when afforestation occurs in a grid cell.
These changes in the PFT's properties might in some regions reduce its ability to compete or make it more vulnerable to disturbances so that tree mortality is increased compared with the BASE scenario in which no afforestation took place.
The vegetation C uptake in IMAGE can be equally attributed to avoided deforestation and to afforestation (Table S3) . No quantification is possible in MAgPIE because spatial C stocks were not available. In the DGVMs, the contribution of avoided deforestation to the vegetation C uptake in ADAFF is generally larger for IMAGE-LU than for MAgPIE-LU (Table S3) 
| Soil carbon
Compared with vegetation, modeled soil C changes in response to ADAFF activities are much more diverse, with some DGVMs simulating net soil C losses upon afforestation (Figures 1e,f, 2c ). Soil C uptake in ADAFF is 62 GtC in IMAGE and 54 GtC in MAgPIE, which is comparable to vegetation C uptake. In contrast, soil C changes in the DGVMs range between À33 and +57 GtC. Soil C accumulation in LPJmL for the MAgPIE ADAFF scenario starts significantly earlier than in the other models. As afforestation on pastures is common in MAgPIE until around year 2070, this indicates a large soil C uptake potential in LPJmL for pasture-forest transitions, which is also apparent in the LPJmL simulations driven by the IMAGE ADAFF LU patterns. For BECCS, all models simulate small soil C losses (up to À16 GtC) which are generally larger in the LUMs than in the DGVMs. In both ADAFF and BECCS, differences between LUMs and DGVMs in terms of soil C changes are more pronounced for IMAGE-LU patterns than for MAgPIE-LU patterns. 
| 3031
The soil C emissions in JULES and ORCHIDEE for the ADAFF scenarios (and the relatively low emissions for BECCS) might be partly caused by the simplistic representation of agricultural management processes in these models. While LPJmL and LPJ-GUESS represent croplands by specific crop PFTs and growing seasons, ORCHIDEE and JULES grow crops as harvested grass (modified natural grass in ORCHIDEE, natural grass in JULES; see Table 1 ). In addition, ORCHIDEE does not include grazing of pastures, which means more biomass C is transferred to the litter when the grass dies. Consequently, pastures and croplands have larger soil C pools in ORCHIDEE and JULES, respectively, than if these processes were accounted for, resulting in less soil C accumulation potential upon afforestation. To test further how different representations of agriculture in the DGVMs affect soil C changes upon afforestation, we performed two sensitivity simulations with LPJ-GUESS in which we simplified the representation of management processes following Pugh et al. (2015) . In these simulations, the rate of change in LPJ-GUESS soil C pools is reduced by 57% in the MAgPIE ADAFF sce- Figures 2f, S8 ), because in these models, tropical grasslands (or croplands) are often more productive than tropical forests. LPJmL, on the other hand, accounts for regional yield gaps so cropland NPP is scaled down. Even though the fraction of NPP transferred to the soil might differ across models (e.g., due to different mortality in secondary forests), this suggests that the lower productivity of re-growing forests compared with agriculture also plays an important role for the limited soil C accumulation (or emissions) in LPJ-GUESS, JULES, and ORCHIDEE.
| Cumulative CCS
Carbon capture and storage are calculated by multiplying the harvested C of bioenergy crops by a capture efficiency of 80% before geologic storage. A prescribed CCS trajectory was implemented in both LUMs, which means that annual global CCS rates are the same in IMAGE and MAgPIE. Cumulative CCS reaches 128 GtC in both
LUMs by year 2099. In the DGVMs, cumulative CCS ranges from 37 to 130 GtC by year 2099 (Figures 1g,h, 2d ).
As the DGVMs used bioenergy production area from the LUMs and also the same assumptions about capture efficiency and storage capacity, the lower CCS calculated in most of the DGMVs has to arise mainly from differences in simulated bioenergy yields, including differences in the harvest index. Both LUMs assume rain-fed perennial and fast-growing second-generation bioenergy crops (such as Miscanthus) to fulfill the CCS demand. LPJmL is the only DGVM
F I G U R E 3 Spatial distribution of total C uptake in the LUMs (a-d) and DGVMs (e-t) for the mitigation scenarios (compared with BASE) between year 2005 and 2099 for IMAGE ADAFF (1st column), MAgPIE ADAFF (2nd column), IMAGE BECCS (3rd column), and MAgPIE BECCS (4th column). Numbers are global totals
representing dedicated bioenergy crops explicitly, but like the other DGVMs, it does not assume technological yield increases. This implies that the slightly larger cumulative CCS than in MAgPIE originates from higher initial yields. In contrast, LPJ-GUESS grows bioenergy as maize (with residues included for CCS), ORCHIDEE as crop grass, and JULES as natural grass (for harvest assumptions, see Table S1 ). Consequently, average bioenergy yields are highest in LPJmL followed by LPJ-GUESS and then ORCHIDEE and JULES (Figure S9) . Cumulative CCS in all DGVMs apart from LPJmL is higher for IMAGE-LU patterns than for MAgPIE-LU patterns (Figures 1g,h,   2d ) because the larger cultivation area in IMAGE ( Figure S2c,d ) outweighs lower average yields ( Figure S9 ). In the LUMs, the same trade-off between land expansion and yields results in equivalent global CCS rates in both LUMs.
| DISCUSSION
The C uptake potential of afforestation is largely restricted by historic C removal via deforestation. Cumulative LUC emissions over the 1750-2015 period were~190 GtC (Le Qu er e et al., 2016), with a very large uncertainty arising from how different forms of land management are considered in the simulations but also due to different LUC hindcasts . However, a possibly large fraction of agricultural area will be needed for future food production Popp et al., 2017) , and CO 2 fertilizing effects on forest growth will likely be limited in RCP2.6. This suggests that achieving 130 GtC net uptake via ADAFF might be challenging, consistent with results from the DGVMs here (especially for MAgPIE-LU where avoided deforestation only plays a minor role compared to afforestation). A limited (<150 GtC) C uptake potential via afforestation within this century was also estimated in previous studies, despite very different methods and assumptions (Lenton, 2010; and references therein) . However, one recent study (Sonntag, Pongratz, Reick, & Schmidt, 2016) found a much larger (215 GtC) uptake in a coupled Earth System Model (ESM) for a high emission scenario (RCP8.5) when using RCP4.5 LU (afforestation, À700 Mha agricultural land) instead of RCP8.5 LU (deforestation, +800 Mha agricultural land). The C uptake was, thus, higher than in our study, but so were baseline deforestation rates, climate impacts, and, particularly, differences in CO 2 fertilization (RCP8.5 vs. RCP2.6 in our study); the high levels of CO 2 fertilization under RCP8.5 typically cause DGVMs to simulate much larger C uptake in forests.
Some of the discrepancy in total C uptake between the LUMs and the DGVMs in the ADAFF scenarios originates from differences Figure S7a ) and LPJ-GUESS (~150 years in tropical Africa), the vegetation C uptake is similar across all DGVMs. The observational studies point toward typical recovery times that lie in the middle of this range. This suggests that, assuming that afforestation will mostly occur as natural regrowth, tropical biomass accumulation rates might be overestimated in MAgPIE. The LPJ-GUESS recovery times of Krause et al. (2016) are, however, not directly comparable to these observations, as the LPJ-GUESS simulations allowed natural stand-replacing disturbances (e.g., fire, wind-throw) to occur in these recovering forests, slowing the recovery rate, while this is not likely to be the case in the chronosequence observations, which typically age the stand from last disturbance. Evaluation of forest regrowth rates in DGVMs, particularly in tropical forests, will be important to constrain uncertainty in ADAFF potential.
Degraded forests also represent an uncertainty in our IMAGE scenarios. JULES represented degraded forests as natural vegetation, whereas the other DGVMs, simply for consistency, followed the IMAGE assumption of degraded forests being grassland. In reality, degraded forests likely represents a mixture between both approaches, with aboveground biomass on average being 70% lower than in undisturbed forests (Asner et al., 2010) . Clearly, assuming a degraded forest being a grassland will overestimate vegetation C uptake potential when degraded forests are converted back to forests (in IMAGE~50% of the avoided deforestation and afforestation area by end-century is from degraded forests; see Table S2 ). In addition, the mismatch between forest loss and agricultural gain reported by FAO (based on which the degraded forest class was introduced in IMAGE) might be largely explained by shifting cultivation (Houghton & Nassikas, 2017) . However, most LUMs/DGVMs so far cannot adequately simulate shifting cultivation due to not explicitly representing forest demography. The representation of forest degradation, thus, remains a challenge for LUMs and DGVMs.
Soil C changes contribute most to variations in total C uptake across models. Differences in simulated present-day soil C stocks are hardly surprising as global soil C estimates are very uncertain (Scharlemann, Tanner, Hiederer, & Kapos, 2014 ) and large variations across DGVMs and ESMs have been reported before (Anav et al., 2013; Tian et al., 2015; Todd-Brown et al., 2013 and references therein), but there is still substantial disagreement in terms of the magnitude of change for most land-cover transitions.
While studies agree that transitions from forests to croplands reduce soil C (and vice versa), patterns are more diverse for conversions to/ from grassland, depending on management intensity, climate, and soils (Mcsherry & Ritchie, 2013; Powers, Corre, Twine, & Veldkamp, 2011 ). The picture is further complicated by evidence that the existing field observations in the tropics might not be representative for many tropical landscapes (Powers et al., 2011) . In fact, some studies report soil C to decrease during the first years after cropland cessation (Deng, Zhu, Tang, & Shangguan, 2016) , and subsequent C accumulation is usually slow and proceeds over several decades or even centuries (Silver, Ostertag, & Lugo, 2000) . In contrast to the prescribed recovery implemented in MAg-PIE, IMAGE simulates soil C changes dynamically within LPJmL.
However, the contribution of soils to total C uptake is comparable to MAgPIE even though ADAFF activities in IMAGE are largely restricted to pasture-forest transitions. In reality, afforestation on grasslands (or avoided conversion from forests to grasslands) has even less soil C uptake potential than on croplands; soil C depletions in pastures/grasslands relative to forests are generally low (Don, Schumacher, & Freibauer, 2011; Laganiere, Angers, & Pare, 2010) , and in many cases, grasslands even store more soil C than the replacing forests (Li et al., submitted; Guo & Gifford, 2002; Poeplau et al., 2011; Powers et al., 2011) . In addition, declines in soil C have been reported during the first years of forest regrowth before accumulation occurs and net accumulation is often only achieved after several decades (Paul, Polglase, Nyakuengama, & Khanna, 2002; Poeplau et al., 2011) . Consequently, the rapid soil C uptake in the LUMs for ADAFF is likely overoptimistic, while limited soil C accumulation (compared with vegetation C) in response to afforestation as simulated by some DGVMs seems to be more realistic. However, historic agriculture has likely resulted in substantial net soil C emissions (Sanderman, Hengl, & Fiske, 2017; Smith, House, et al., 2016) , so large soil C losses in response to afforestation as simulated by ORCHIDEE are also unlikely, especially for the MAgPIE ADAFF scenario (where croplands are preferentially afforested).
One likely reason for the large discrepancy in simulated soil C changes in response to afforestation is the simulated change in ecosystem productivity. Todd-Brown et al. (2013) showed that soil C stocks in ESMs are closely coupled to simulated NPP. In our simulations, simulated changes in NPP in response to ADAFF activities are very different across models, which partly explains differences in soil C accumulation. Modeling work by Defries (2002) suggests that regional impacts of LUC on NPP are highly variable, depending on management intensity and original vegetation cover, and that cropland productivity is higher compared with forests in temperate regions. The relatively high productivity of temperate crops seems to be confirmed for European studies (Ciais et al., 2010; Luyssaert et al., 2010) , but estimates are highly dependent on the data source from which NPP is derived. In the tropics, observations suggest crop productivity at many locations to be lower than for forests (Cleveland et al., 2015; Monfreda, Ramankutty, & Foley, 2008) . As afforestation in our scenarios is mostly concentrated in the tropics, the NPP decrease following afforestation in most DGVMs seems to be unrealistic.
A second potentially important reason for the large differences in simulated soil C uptake is different amounts of C removed from agricultural land. Soil C recovery following agricultural cessation has recently been simulated with a different version of LPJ-GUESS (croplands were represented by tilled, fertilized, and harvested grassland rather than specific crop PFTs) and showed reasonable agreement with observations (Krause et al., 2016) . ORCHIDEE and JULES represent fewer management processes and, therefore, may underestimate soil C uptake potential in ADAFF (but also losses in BECCS); the incorporation of harvest (not included in ORCHIDEE pastures) and the representation of crops by specific crop PFTs (including tillage), instead of grasses, substantially increases soil C depletions on agricultural land in LPJ-GUESS .
However, there are also observations suggesting that moderately intensive grazing might actually increase soil C stocks in C4-dominated grasslands (Mcsherry & Ritchie, 2013; Navarrete, Sitch, Aragao, & Pedroni, 2016) , a process the DGVMs likely do not capture well.
The LUMs did not include deforestation emissions ("carbon debt, " Fargione, Hill, Tilman, Polasky, & Hawthorne, 2008) in their BECCS CDR target. This is a common procedure in BECCS scenarios (or at least LUC emissions are often not separated from fossil fuel emissions, e.g., Smith, Davis, et al., 2016) . For two bioenergy scenarios (600 and 800 Mha production area made available via either deforestation or agricultural abandonment, RCP2.6 climate) comparable in terms of area and climate changes to our scenarios, a modeling study by Wiltshire and Davies-Barnard (2015) estimated vegetation C losses of 70 and 0 GtC and, using average depletions from Guo and Gifford (2002) , soil C losses of 20 and 60 GtC. In our simulations, vegetation and soil C emissions are relatively small, but our study still confirms that these emissions should not be neglected when considering bioenergy as an option to achieve negative emissions.
Cumulative CCS in BECCS differs substantially across models, ranging between 37 GtC and 130 GtC in the DGVMs, and reaching Recently, (Alexandratos & Bruinsma, 2012) . In fact, much of the historic yield increase was achieved via increasing the harvest index and fertilizer application, processes that are unlikely to substantially affect bioenergy yields (Searle & Malins, 2014) . It also remains to be seen what bioenergy yield will be attainable in more marginal lands compared with sites where these crops are typically grown today (Searle & Malins, 2014) . Consequently, what bioenergy yields we can expect in the future is controversial, with the optimistic assumptions made in IAMs/LUMs being plausible, but toward the upper bound of uncertainty (Creutzig, 2016) .
We conclude that forest maintenance and expansion, as well as large-scale bioenergy production combined with CCS, offer the potential to remove substantial amounts of C from the atmosphere and thus can help to mitigate climate change. However, the size of the removal is highly uncertain and may be much less than previously assumed in IAM/LUM scenarios consistent with the 2°C target (Boysen, Lucht, Gerten, Heck, et al., 2017; Rogelj et al., 2015; Smith, Davis, et al., 2016; Tavoni & Socolow, 2013; Wiltshire & Davies-Barnard, 2015) ; the C uptake simulated by the LUMs is only emphasize the large uncertainty in assumed yields from bioenergy plantations, the DGVMs need to improve the parameterizations of managed herbaceous vegetation, particularly bioenergy crops (and also woody bioenergy), as well as regrowth of managed forests for afforestation. Field observations should focus on studying bioenergy crop productivity under commercial production conditions. In addition, the LUMs and some DGVMs need to reconsider their assumptions about soil C sequestration rates following afforestation. More detailed information about grazing intensities on grasslands and a clear differentiation between natural grasslands and intensively managed pastures in observational studies might also help to reduce the uncertainty in soil C changes following LUC (Navarrete et al., 2016) .
In this study, we only address the uncertainty in land-based mitigation arising from potential C uptake for a prescribed available area.
However, the establishment of negative emissions from land management could also be hindered by unacceptable social or ecological side-effects (Kartha & Dooley, 2016; Krause et al., 2017; Smith, Davis, et al., 2016) , biophysical and biogeochemical climate impacts beyond C Krause et al., 2017; Smith, Davis, et al., 2016) , irreversible effects of overshooting CO 2 concentrations (Kartha & Dooley, 2016; Tokarska & Zickfeld, 2015) , or simply because CCS turns out to be technologically infeasible at commercial scale. There is also strong evidence that the timescales for shifts in farming systems to be realized may be of the order of several decades, substantially delaying the onset of negative emissions from BECCS (Alexander, Moran, Rounsevell, & Smith, 2013; Brown et al., submitted) . Combining these unknowns and caveats with the large uncertainty in uptake potential identified in this study suggests that relying on negative emissions to mitigate climate change is a very high-risk strategy. 
ACKNOWLEDG EMENTS

CONFLI CT OF INTEREST
The authors declare no conflict of interest.
O R C I D
Andreas
Krause http://orcid.org/0000-0003-3345-2989
